The human microbiome plays a key role in a wide range of hostrelated processes and has a profound effect on human health. Comparative analyses of the human microbiome have revealed substantial variation in species and gene composition associated with a variety of disease states but may fall short of providing a comprehensive understanding of the impact of this variation on the community and on the host. Here, we introduce a metagenomic systems biology computational framework, integrating metagenomic data with an in silico systems-level analysis of metabolic networks. Focusing on the gut microbiome, we analyze fecal metagenomic data from 124 unrelated individuals, as well as six monozygotic twin pairs and their mothers, and generate community-level metabolic networks of the microbiome. Placing variations in gene abundance in the context of these networks, we identify both gene-level and network-level topological differences associated with obesity and inflammatory bowel disease (IBD). We show that genes associated with either of these host states tend to be located at the periphery of the metabolic network and are enriched for topologically derived metabolic "inputs." These findings may indicate that lean and obese microbiomes differ primarily in their interface with the host and in the way they interact with host metabolism. We further demonstrate that obese microbiomes are less modular, a hallmark of adaptation to low-diversity environments. We additionally link these topological variations to community species composition. The system-level approach presented here lays the foundation for a unique framework for studying the human microbiome, its organization, and its impact on human health. W e humans are mostly microbes. Microbial communities populate numerous sites in the human anatomy and harbor over 100 trillion microbial cells (1). This complex ensemble of microorganisms, collectively known as the human microbiome, plays an essential role in our development, immunity, and nutrition, and has a tremendous impact on our health (2). Among the various body habitats, the most densely colonized is the distal gut. The normal gut flora alone consists of hundreds of bacterial species, collectively encoding an enormous gene set that is 150-fold larger than the set of human genes (3). The gut microbiome plays a key role in many essential processes, including vitamin and amino acid biosynthesis, dietary energy harvest, and immune development (4). Transferring a donor microbiota into a recipient can induce various donor phenotypes [including increased adiposity (5) and metabolic syndrome (6)] or prompt the recovery of a sick recipient (7), suggesting a promising avenue for clinical application via directed manipulation of the microbiome. Characterizing the capacity of the human microbiome, its interaction with the host, and its contribution to various disease states therefore has the potential to provide deep insight into both normal human physiology and human disease, and calls for a predictive systemslevel understanding of community function and structure.
The human microbiome plays a key role in a wide range of hostrelated processes and has a profound effect on human health. Comparative analyses of the human microbiome have revealed substantial variation in species and gene composition associated with a variety of disease states but may fall short of providing a comprehensive understanding of the impact of this variation on the community and on the host. Here, we introduce a metagenomic systems biology computational framework, integrating metagenomic data with an in silico systems-level analysis of metabolic networks. Focusing on the gut microbiome, we analyze fecal metagenomic data from 124 unrelated individuals, as well as six monozygotic twin pairs and their mothers, and generate community-level metabolic networks of the microbiome. Placing variations in gene abundance in the context of these networks, we identify both gene-level and network-level topological differences associated with obesity and inflammatory bowel disease (IBD). We show that genes associated with either of these host states tend to be located at the periphery of the metabolic network and are enriched for topologically derived metabolic "inputs." These findings may indicate that lean and obese microbiomes differ primarily in their interface with the host and in the way they interact with host metabolism. We further demonstrate that obese microbiomes are less modular, a hallmark of adaptation to low-diversity environments. We additionally link these topological variations to community species composition. The system-level approach presented here lays the foundation for a unique framework for studying the human microbiome, its organization, and its impact on human health. W e humans are mostly microbes. Microbial communities populate numerous sites in the human anatomy and harbor over 100 trillion microbial cells (1) . This complex ensemble of microorganisms, collectively known as the human microbiome, plays an essential role in our development, immunity, and nutrition, and has a tremendous impact on our health (2) . Among the various body habitats, the most densely colonized is the distal gut. The normal gut flora alone consists of hundreds of bacterial species, collectively encoding an enormous gene set that is 150-fold larger than the set of human genes (3) . The gut microbiome plays a key role in many essential processes, including vitamin and amino acid biosynthesis, dietary energy harvest, and immune development (4) . Transferring a donor microbiota into a recipient can induce various donor phenotypes [including increased adiposity (5) and metabolic syndrome (6) ] or prompt the recovery of a sick recipient (7) , suggesting a promising avenue for clinical application via directed manipulation of the microbiome. Characterizing the capacity of the human microbiome, its interaction with the host, and its contribution to various disease states therefore has the potential to provide deep insight into both normal human physiology and human disease, and calls for a predictive systemslevel understanding of community function and structure.
Addressing this challenge, worldwide research initiatives (3, 4) have recently started to map the human microbiome, providing insight into previously uncharted species and genes. Specifically, sequencing 16S ribosomal RNA allows researchers to determine the relative abundance of different taxonomic groups in a microbiome (8, 9) . Such surveys have revealed, for example, marked associations between the species composition of the gut microbiome and a variety of host phenotypes (10) (11) (12) . Species profiles, however, cannot be easily translated into function, because it is not clear how variation in the composition of species in the microbiome affects the metabolic activity of the community and, consequently, the host. In contrast, metagenomic shotgun sequencing of community DNA and a gene-centric comparative approach (8, 13, 14) may capture functional differences in the metabolic potential of the community. Yet, comparative metagenomic analysis of the gut microbiome frequently reveals high functional uniformity across samples and often identifies only a small set of genes or pathways that appear to be associated with certain host states (10, 15) . Furthermore, such enriched sets offer preliminary insights into relevant functional differences but may not provide a comprehensive systems-level understanding of the variation and its potential effect on the host-microbiome supraorganism (16, 17) .
Here, we introduce a unique framework for studying the human microbiome, integrating metagenomic data with a systems-level network analysis. This metagenomic systems biology approach goes beyond traditional comparative analysis, placing shotgun metagenomic data in the context of community-level metabolic networks. Comparing the topological properties of the enzymes in these networks with their abundances in different metagenomic samples and examining systems-level topological features of microbiomes associated with different host states allow us to obtain insight into variation in metabolic capacity. This approach extends the metagenomic gene-centric view by taking into account not only the set of genes present in a microbiome but also the complex web of interactions among these genes and by treating the microbiome as a single "independent" biological system (18) .
Computational systems biology methods and complex network analyses have been applied widely to study microorganisms, and a variety of approaches have been developed to create genomescale metabolic networks of various microbial species (19) (20) (21) . In this study, we focus on simple connectivity-centered networks that are computationally derived from homology-based large-scale metabolic databases (22) coupled with a topological analysis. These networks form a simplification of the actual underlying metabolic pathways and may be relatively inaccurate and noisy. However, topology-based analysis of such networks has proved powerful for studying the characteristics of single-species metabolic networks and their impact on various functional and evolutionary properties, including scaling (23), metabolic functionality and regulation (24, 25) , modularity (26, 27) , essentiality and mutant viability (28) , genetic and environmental robustness (29) , adaptation (30, 31) , and species interaction (32) . To date, however, topological analysis has not been used to examine community-level metabolic networks and to study metagenome-scale metabolism. Table S1 ). Patients who had IBD were all of Spanish descent, and Spanish individuals were mostly labeled as lean. An additional dataset, comprising 454 FLX-derived data from six obese and lean monozygotic twin pairs and their mothers (10), was analyzed as well. When applicable, we applied our analysis to this second independent dataset to confirm the validity of our results (SI Appendix). A detailed description of each dataset is provided in Materials and Methods.
Results
Obtaining Community-Level Metabolic Networks. To construct a community-level metabolic network of the gut microbiome, metagenomic sequence reads were annotated using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database to identify enzymatic genes (Materials and Methods). In total, 1,610 enzymes were identified and annotated with a metabolic reaction. Overall, relative enzyme abundance across the 124 samples was highly concordant (average pair-wise correlation coefficient: R = 0.94, Spearman correlation test), in accordance with previous studies revealing intersample similarity in gene content (10) . The annotation data from all samples were pooled, and a network was created in which nodes represented enzymes and enzymes catalyzing successive reactions were connected by directed edges. We excluded enzymes that were not part of the largest connected component of the network, resulting in a total of 1,570 enzymes (Materials and Methods).
Identifying Enzymes Associated with a Given Host State. We compared the abundance of enzymatic genes across various samples to identify enzymes associated with a given host state (e.g., obesity, IBD). Specifically, we used an odds ratio (OR) test to measure the fold change in the abundance of an enzyme in samples taken from hosts with the given state compared with its abundance in other healthy samples (Materials and Methods; further details on the metric choice are provided in SI Appendix). The differential abundance score of each enzyme, defined as abs[log2(OR)], provides a measure of the extent to which an enzyme's abundance differs in samples from a given host state, relative to healthy samples. Enzymes with a differential abundance score higher than 1 (i.e., enzymes that are either 2-fold enriched or 2-fold depleted) are defined as being associated with the given host state.
To verify that the results reported below are not dependent on the specific choice of enrichment metric used, we further examined several alternative methods for identifying host stateassociated enzymes (including significance analysis, presence/ absence overrepresentation test, rank-based difference test, and distribution divergence analysis; more details are provided in SI Appendix). These enrichment metrics yielded qualitatively similar results (SI Appendix and SI Appendix, Table S3 ). Similarly, to confirm that our findings do not stem from potential noise in the read count data, we used a shuffling analysis to identify enzymes that are "consistently" enriched or depleted across samples (SI Appendix). Using this more stringent criterion for enzymes associated with a given host state did not qualitatively change the results below (SI Appendix and SI Appendix, Table S3 ).
An overrepresentation analysis (SI Appendix) showed that enzymes enriched in obese or IBD microbiomes are more frequently involved in membrane transport [P < 0.035 (obese), P < 0.006 (IBD); SI Appendix, Table S4 ]. These results are consistent with previous analysis of enriched functions in the smaller dataset of lean and obese twins (10) . In contrast, enzymes that are depleted in obese microbiomes are more frequently involved in cofactors and vitamin metabolism (P < 0.03), nucleotide metabolism (P < 0.002), and transcription (P < 2.52 × 10 −12 ), among other processes (SI Appendix, Table S4 ).
Linking Host State-Associated Enzymes to Centrality. Using the community-level network outlined above, we examined whether enzymes that are associated with a specific host state exhibit unique topological features. We first focused on a topologically derived centrality measure termed betweenness centrality (25) . This measure calculates the proportion of shortest paths in a complex network that pass through a given node, as a proxy for the node's location in relation to all other nodes (SI Appendix, Fig. S2B ). High centrality values are typically associated with nodes located in the core of the network, whereas low centrality values indicate a more peripheral location.
We found that an enzyme's differential abundance score in obese samples is negatively correlated with its centrality in the network (R = −0.17, P < 1.3 × 10 −12 , Spearman correlation test). Partitioning the set of enzymes in the network into those that are associated with obesity (as defined above) and all other enzymes, we similarly found that centrality scores of obesity-associated enzymes are significantly lower (P < 8.9 × 10 −6 , Wilcoxon ranksum test; Fig. 1A ). As further validation, we note that decreased centrality is not associated with equivalent sets of randomly selected enzymes (P < 8 × 10 −4 ). Significantly lower centrality scores can also be observed when examining obesity-enriched and obesity-depleted enzymes separately (P < 0.03 and P < 7.4 × 10 −6 , respectively, Wilcoxon rank-sum test; Fig. 1A ), suggesting that obesity is characterized by both gain and loss of peripheral enzymes. Similarly, partitioning the enzymes in the network into three centrality-based tiers (Materials and Methods), we find a significant overrepresentation of obesity-associated enzymes in the peripheral tier of the network: 29.1% of the enzymes in this tier are associated with obesity compared with only 19.4% and 18.6% of the enzymes in the intermediate and central tiers, respectively (Fig. 1B) . Using the more stringent criterion defined above for identifying enzymes that are consistently associated with obesity yields a similar trend: 13.6%, 10.4%, and 9.8% of the enzymes in the periphery, intermediate, and central tiers, respectively, are consistently associated with obesity (SI Appendix). This negative association between obesity-associated differential abundance and centrality was confirmed in the analysis of the smaller twin-mother trios dataset (R = −0.15, P < 9.7 × 10 −8 ; additional results are presented in SI Appendix). Interestingly, a similar pattern is observed in enzymes associated with IBD. An enzyme's differential abundance score in IBD is negatively correlated with its centrality (R = −0.15, P < 1.9 × 10 −9 , Spearman correlation test), and the centrality scores of IBD-associated enzymes are significantly lower than the centrality scores of enzymes not associated with IBD (P < 9.5 × 10
, Wilcoxon rank-sum test; P < 0.003 and P < 0.0002 for IBD-enriched and IBD-depleted enzymes, respectively). Similarly, IBD-associated enzymes are significantly overrepresented in the peripheral tier of the network: 30.1% of the enzymes in this tier are associated with IBD compared with only 22.8% and 19.0% of the enzymes in the intermediate and central tiers, respectively (Fig. 1B, Inset) . A similar trend is observed when considering only consistently associated enzymes (8.8%, 5.4%, and 6.1%, respectively).
We confirmed that the above patterns, linking host state-associated enzymes to centrality, are robust to several alternative network construction methods [e.g., using the SEED annotation framework (33) rather than KEGG] and are not affected by using different threshold values to filter out low count reads and potential noise (SI Appendix and SI Appendix, Table S3 ). To validate that the above results are not the outcome of population substructure, we repeated the analysis for obesity-associated differential abundance using only the Danish individuals and the analysis for IBD-associated differential abundance using only the Spanish individuals. Using these subpopulation samples, we still observed a significant correlation between centrality and differential abundance (SI Appendix, Table S3 ). We further confirmed that this correlation between differential abundance and centrality is not solely a product of the overrepresentation of transport enzymes (which are likely to be found at the periphery of the network) in obese microbiomes (SI Appendix and SI Appendix, Table S3 ).
Large-scale metabolic data (e.g., KEGG) are often based on automated, comparison-based, genome annotation (22) , and are therefore bound to be incomplete and imprecise (34) . Such inaccurate metabolic annotations may markedly affect various complex network properties and can potentially have a dramatic impact on our results. However, using a sensitivity analysis to examine the effect of missing or erroneous annotation data (SI Appendix and SI Appendix, Figs. S4 and S5), we verified that the calculated centrality scores and the pertaining results reported above are fairly robust to such inaccuracies in the raw metabolic annotations.
Linking Host State-Associated Enzymes to Additional Topological
Features. We next examined a number of additional topological measures for each enzyme in the network, including in-degree, out-degree, neighborhood connectivity, and clustering coefficient (Materials and Methods). In contrast to centrality, these measures are more local in nature, taking into account only the immediate neighborhood of each enzyme, and hence capture a different aspect of network topology. The seed set of the network was also identified using a previously published seed detection method (31) , and it consisted of 126 enzymes. The seed detection method applies a graph theory-based algorithm to analyze the topology of a given network and identify the minimal set of topological "input" nodes sufficient to activate all other nodes in the network (more details are provided in SI Appendix). The seed sets of metabolite-based networks of a large array of microbial species were shown to be a successful proxy for the biochemical environments of these species and to provide insights into their ecology (31, 32, 35) .
Although both enriched and depleted enzymes exhibit low centrality as described above, we found that enriched enzymes differ dramatically from depleted enzymes in respect to such local topological features. Specifically, enzymes enriched in obese microbiomes have a significantly lower clustering coefficient (P < 7.8 × 10 −4 , Wilcoxon rank-sum test) and lower indegree (P < 0.004) compared with enzymes that are not associated with obesity ( Fig. 2 A and B) . In contrast, enzymes depleted in obese microbiomes have a significantly higher clustering coefficient (P < 0.006, Wilcoxon rank-sum test) and higher in-degree (P < 0.02) compared with nonassociated enzymes. IBDassociated enzymes follow similar trends but are not statistically significant because of smaller sample size (SI Appendix, Fig. S6 ). We additionally found that enzymes identified as network seeds have significantly higher differential abundance scores (P < 4.8 × 10 −6 , Wilcoxon rank-sum test) compared with non-seeds and that such network seeds are overrepresented among obesity-and IBD-associated enzymes [P < 2.7 × 10 −4 (obesity) and P < 2.6 × 10 −3 (IBD); more details are provided in SI Appendix]. Such distinct topological properties may additionally be used as potentially informative attributes and to highlight biomarkers for involvement in obesity and IBD. Specifically, we examined enzymes enriched in obese or IBD microbiomes, and within these sets, we focused on enzymes that also exhibit the topological features identified above (low centrality, low in-degree, and low clustering coefficient; SI Appendix, Table S2 ). We find that a large fraction of these enzymes within both the obesity-enriched and the IBD-enriched enzymes are involved in either the phosphotransferase system (PTS; 28.6% and 20.6% among obesity-and IBD-enriched enzymes, respectively) or the nitrate reductase pathway (17.1% and 17.6% among obesity-and IBD-enriched enzymes, respectively). Notably, the PTS is a Eubacteria-specific strategy for transporting sugar into the cell, and it has been specifically associated with members of the Firmicutes phylum (36) . Use of this transport system has been implicated in regulation of carbohydrate uptake (37) and was found to be up-regulated following a switch to a high-fat/high-sugar "Western" diet in mice (38) . Recently a PTS enzyme (FrvX) was found to be a biomarker for IBD (39) . Similarly, nitrate reductase is a critical component in the conversion of nitrate into nitrite and nitric oxide, and it is not synthesized by human DNA. Elevated levels of nitric oxide have been associated with both IBD (40) and obesity-induced insulin resistance (41) , as well as other serious carcinogenic and inflammatory effects (42) . In this set, we additionally find enzymes for xenobiotic metabolism, most notably those for the metabolism of choline and p-cresol, which have been linked to various host diseases and metabolic phenotypes (SI Appendix).
Linking Topological Variation to Community Species Composition.
Shotgun metagenomic data and community-level models provide a functional view of community metabolism. Ultimately, however, differences in community gene content reflect differences in species composition. Understanding the link between variation in community-level topological properties and community composition can provide valuable insight into the mechanism by which community activity changes as a result of compositional shifts. Because a full decomposition of shotgun metagenomic data into species-specific data is not yet feasible, we studied the distribution of genes of interest across a large array of reference genomes. Specifically, examining the genomes of 326 fully sequenced, prevalent, gut-dwelling microbial species (Materials and Methods), we found that enzymes associated with either obese or IBD microbiomes tend to be present in fewer genomes than nonassociated enzymes [P < 10 −54 (obesity), P < 10 −56 (IBD), Wilcoxon rank-sum test; SI Appendix, Fig. S7 ]. Obesity-associated enzymes were also present in fewer genomes than randomly selected sets of enzymes (P < 10
; SI Appendix). Moreover, the centrality of enzymes in the community-level metabolic network is correlated with the number of reference genomes in which these enzymes occur (R = 0.23, P < 10 −17 , Spearman correlation test; SI Appendix, Fig. S8) . A universal association between centrality and prevalence has also been demonstrated recently for a smaller set of species that were not associated with the Hypergeometric enrichment test). This result still holds considering alternative or stricter criteria for association with the host state (SI Appendix).
human microbiome (43) . These findings suggest that the variation in community-level metabolism associated with obesity and IBD may be induced by an increase or decrease in the abundance of a relatively small subset of species.
Linking Host State to Network-Level Topological Properties. Finally, we examined whether host state-associated differences also translate into differences in network-level topological features. Sequence reads derived from lean-healthy, obese-healthy, and lean-IBD samples were pooled separately and used to construct state-specific metabolic networks. Calculating various networklevel topological features for each of these networks, we found that the variation associated with host state goes beyond a limited set of enriched or depleted enzymes and also induces global differences in network topology. Specifically, obese microbiomes were found to induce a less modular metabolic network than lean microbiomes. Interestingly, reduced modularity in the metabolic networks of single species has recently been associated with lower variation in the environment (Discussion). A rarefaction analysis was performed to confirm that all networks derived from each of the three sample groups reached a stable topology within the available coverage (Fig. 3A ). An extensive shuffling-based analysis (Fig. 3B , SI Appendix, and SI Appendix, Figs. S9-S11) demonstrated that the difference in the level of modularity between obese and lean microbiomes is statistically significant (P < 0.027) and is not expected at random from multiple individual realizations of networks with similar topological properties.
Discussion
Taken together, the topological features that were found to vary with obesity and IBD suggest a characteristic mode of deviation from a normal microbiome organization that may be associated with a disease state. This suggests that in addition to, or potentially as a consequence of, alterations in the abundance of individual genes or functional classes, disease may be associated with higher order modes of deviation in the microbiome. Clearly, such associations alone cannot directly implicate a mechanism for disease; both obesity and IBD are poorly understood diseases and embody extremely complex phenotypes. Accordingly, the system-level observations reported in this study can have multiple alternative interpretations and stem from mechanisms that are yet unknown. These observations, however, allow us to posit intriguing hypotheses for further study. Specifically, we find that enzymes typifying various host states tend to have low centrality and are found mostly in the periphery of the network. As the topology of the network reflects metabolic interdependencies between enzymes (rather than physical location in the gut), the periphery of the network represents metabolic steps that are relatively remote (as measured by their distance along various metabolic pathways) from the core of the network and that are closer functionally to the microbiome environment (44) . The most peripheral enzymes, for example, represent either the microbiome's first metabolic steps (i.e., enzymes that rely on substrates that are not produced by any other enzyme in the microbiome) or end points (enzymes that produce metabolites that are not utilized by other microbiome enzymes). Such enzymes are likely to directly use or produce metabolites that characterize the gut environment, forming an interface between microbial and human metabolism. Our results therefore suggest that much of the enzyme-level variation associated with obesity or IBD relates to changes in the way the microbiome interacts with the gut environment rather than variation in core metabolic processes. This variation corresponds to both gain and loss of certain peripheral metabolic enzymes, as suggested by the reduced centrality of both enriched and depleted enzymes. This is also supported by the reported link between differentially abundant enzymes and seed enzymes. Obesity-enriched enzymes, however, specifically possess further topological properties characteristic of network input points (low in-degree and low clustering coefficient). While several mechanisms that link the microbiota to obesity have been reported, this finding may suggest that obese microbiomes are capable of using a diverse repertoire of energy sources, accounting for their increased capacity for energy extraction from the diet (5). Interestingly, it has also been shown that functionally peripheral enzymes (those involved in nutrient uptake and first metabolic steps) are more likely to be horizontally transferred (44) and are gained and lost more frequently during the evolution of individual microbial organisms (31) . This similarity between the adaptive variation that occurs in single species across an evolutionary time scale and community-level variation across samples further supports our treatment of the community as a comprehensive biological system.
Our topology-based system approach has also suggested candidate biomarkers involved in obesity and IBD. In addition to PTSs used for the import of dietary carbohydrates, both obesity and IBD were significantly associated with genes for the production of NO 2 and the metabolism of choline and p-cresol. The unexpectedly high overlap between these disease-associated gene sets (SI Appendix, Table S2 ) may be indicative of some common underlying triggers of disease or, alternatively, a conserved response of the gut microbiome to disease. Follow-up studies using gnotobiotic mouse models colonized by microbial isolates with the ability to perform these key functions, "humanized" mouse models colonized with samples taken from paired healthy and diseased human donors, and human intervention studies will be critical to determine which aspects of the gut microbiome may contribute to disease and the precise mechanisms that link this complex microbial metabolic network to host physiology.
Our results further demonstrate that the variation associated with obesity and IBD induces a reduced network-wide modularity. Recent studies of metabolic network topologies across the bacterial tree of life revealed marked variation in network modularity and identified several genetic and environmental determinants affecting metabolic modularity (27, 45) . Specifically, these studies demonstrated that reduced metabolic modularity in single-species networks is associated with organisms inhabiting less variable environments. Our analysis, however, presents a unique characterization of community-level modularity and demonstrates consistent differences that are associated with the host state. It is intriguing to extrapolate findings from single-species analyses and to hypothesize that reduced community-level modularity in obese microbiomes may be associated with decreased variability in the gut environment or with the lack of temporal regularities (46) . Furthermore, this reduced modularity may be construed as a functional manifestation of the reported decrease in species diversity that has been observed in obese individuals (10) .
In silico models of microbial communities are currently still scarce (19) and mostly focus on simulated communities comprising a handful of species and on pair-wise interactions among community members (21, (47) (48) (49) . Here, in contrast, we take an integrative approach, treating the microbiome as a single supraorganismal system (17) and examining the metabolic network of the community as a whole (50) . Moreover, this study focuses on the topology of this metagenome-based network and on the relationship between its topology and the host state. As with any attempt to represent a dynamic and stochastic set of biological processes via a simple model, our analysis is subject to various assumptions and simplifications. Our framework ignores boundaries between species and compartmentalization of various metabolic processes (information on analyzing communities as supraorganisms is provided in SI Appendix). Additionally, topological analysis of connectivity-based and static networks explicitly ignores several features of metabolic reactions, such as metabolic rates and dynamic regulation. Furthermore, our analysis considers metabolism alone and does not account for other processes that may be involved (e.g., immune response). Such simple models, however, are extremely useful for studying systems for which data are still limited and our ability to construct more involved models is hindered. Here, for example, they facilitate the integration of multiple modes of microbiome characterization and support analysis using the rich set of tools developed for systems biology and complex network analysis. As our understanding of the human microbiome improves, better models can be constructed, potentially using the collective effort of the research community (51, 52) . Experimental validation of model components and parameters is crucial for a successful and accurate reconstruction. Moving forward, microbiome-wide models can further integrate transcriptional and metabolomics-based data. Such manually curated models may ultimately provide a predictive framework, similar to the one available for individual species, for targeted community manipulation and for informing clinical interventions.
In essence, this study represents an important step in the development of a "metagenomic systems biology" approach. Such an approach can potentially advance metagenomic research in the same way systems biology advanced genomics, appreciating not only the parts list of a system but the complex interactions among parts and the impact of these interactions on function and dynamics. Future work will also include identifying specific sets of enzymes responsible for systems-level patterns, characterizing the implications of various topological variations, and linking this variation to changes in species composition. Clearly, our understanding of the complexity of the gut microbiome is still lacking, and much work still remains to be done before exact mechanisms are identified. Future clinical applications may focus on specific functions rather than on system-level properties of the microbiome. Yet, this systems biology approach provides a complementary viewpoint to comparative and functional metagenomics in gaining valuable intuition concerning the function of the microbiome as a system and in identifying potential biomarkers for further validation.
Materials and Methods
Datasets. Metagenomic data were obtained from two studies of the human gut microbiome. The first study (3) examined 576.7 gigabases of Illumina-derived sequences from 124 European individuals labeled with BMI (kg/m 2 ) and IBD data. The second study (10) examined 454 FLX-derived sequences from six twin-mother trios from the Missouri Adolescent Female Twin Study binned according to BMI. All sequence data were mapped to KEGG orthologous groups (KOs) using BLASTX (additional details are provided in SI Appendix).
Enzyme Enrichment. To identify enzymes (KOs) that are associated with obesity, the abundance of each enzyme in the set of samples obtained from obese individuals was compared with its abundance in lean/overweight individuals. To prevent the confounding effects of overlapping host states, samples labeled with IBD were excluded from this analysis. For each enzyme, k, an OR was calculated according to
where A sk denotes the abundance of enzyme k in sample s, obese denotes the set of obese samples, and lean denotes the set of lean/overweight samples (SI Appendix, Fig. S3 ). More details on this choice of enrichment metric are provided in SI Appendix. The differential abundance score was defined as the absolute value of the fold change in OR, abs[log 2 (OR)]. Obesity-associated enzymes were those with a differential abundance score >1. Obesity-associated enzymes were further classified as obesity-enriched (OR > 2) or obesity-depleted (OR < 0.5) (SI Appendix, Table S2 A and B). IBD-associated enzymes were identified in a similar manner (SI Appendix, Table S2 C and D). When calculating IBD-associated ORs, samples labeled as obese were excluded from the analysis. A more stringent OR-based analysis was used to identify enzymes that were consistently enriched or depleted (SI Appendix). Additionally, a number of other statistical methods were used to quantify differential abundance and identified enzymes associated with a given host state (SI Appendix). Repeating the analysis with these alternative methods yielded qualitatively similar results (SI Appendix and SI Appendix, Table S3 ).
Network Construction. A community-level metabolic network was constructed from the entire set of enzymes found in any sample (SI Appendix). The KEGG database was used to annotate enzymes with metabolic reactions. Each enzyme may be associated with multiple reactions, and each reaction may be associated with multiple enzymes. Using this mapping, an enzyme-based metabolic network was constructed, where nodes represent enzymes (KOs) and a directed edge from enzyme 1 to enzyme 2 indicates that a product metabolite of a reaction catalyzed by enzyme 1 is a substrate metabolite of a reaction catalyzed by enzyme 2 (SI Appendix, Fig. S1B ). For both datasets, 98% of the enzymes were part of a single giant, connected component. The network was trimmed to include only the nodes and edges that were part of this giant component, and only these enzymes were used in the subsequent analysis. To create host state-specific networks, the same procedure was followed using only the set of enzymes recovered from samples in a given host state.
Topology-Based Measures and Analysis. Topological features of each enzyme in the network were calculated with the Cytoscape NetworkAnalyzer plug-in (53) . The overall correlation across all topological features supported by the NetworkAnalyzer plug-in was calculated, and a feature set without any pairwise correlations >0.95 was selected for further analysis. This feature set included betweenness centrality (defined as the proportion of shortest paths passing through a node), clustering coefficient (defined as the proportion of existing edges between a node's neighbors), neighborhood connectivity (average number of neighbors of a node's neighbors), in-degree (number of edges terminating in a node), and out-degree (number of edges originating in a node). SI Appendix, Fig. S2B provides additional illustrations and examples of these features. The betweenness centrality feature was used throughout the study to measure the centrality of each enzyme in the network. Enzymes were further classified as peripheral, intermediate, or central by ranking all enzymes according to centrality and partitioning this ranked list into three equally populated bins, which we termed centrality tiers.
The Spearman correlation test was used to examine the correlation between differential abundance scores and each topological feature. A Wilcoxon rank-sum test was used to compare the topology scores of host stateassociated enzymes (and specifically enriched or depleted enzymes) with the scores obtained for non-associated enzymes. A Hypergeometric enrichment Fig. 3 . Modularity of host state-specific metabolic networks. (A) Rarefaction analysis of the modularity of pooled lean-healthy, obese-healthy, and IBD-lean microbiomes. The plot depicts the mean (solid lines) and SD (dotted lines) of five rounds of rarefaction analysis, obtained by calculating the modularity of networks derived from progressively smaller randomly selected sets of reads. (B) Difference between the modularity of the obesespecific and lean-healthy-specific network is plotted (dashed blue line) against a null distribution of differences obtained via random grouping of samples (more details are provided in SI Appendix). The observed difference in modularity is significantly greater than the expected difference according to this null distribution.
